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Abstract 23 

Invasive aquatic plants, such as water hyacinth (Eichhornia crassipes), pose severe ecological 24 

threats in China by obstructing waterways, altering hydrodynamics, and affecting biodiversity. 25 

Effective monitoring and management of these species are critical for ecosystem protection and 26 

sustainable water resource management. Remote sensing provides a scalable approach for mapping 27 

spatial-temporal dynamics of invasive vegetation, enabling timely intervention and control. However, 28 

conventional remote sensing approaches, including end-of-season phenometrics and supervised 29 

classification, struggle with the dynamic changes of floating vegetation due to spectral confusion and 30 

variable background reflectance caused by hydrological processes. To address these limitations, we 31 

developed a novel Multi-Temporal Image Differencing (MID) framework for monitoring water 32 

hyacinth. Our approach integrates high-water-content vegetation (HWV) extraction with pixel-wise 33 

temporal differencing to construct a spectral-temporal profile. This profile effectively discriminates 34 

water hyacinth from co-occurring native vegetation through dynamic differencing, which captures its 35 

free-floating signature, as while suppressing interference from stable background features. Validated 36 

with high-resolution Sentinel-2 time-series data, MID effectively captures floating vegetation 37 

dynamics and can be applied across diverse flowing water bodies, supporting scalable monitoring 38 

under variable hydrological conditions. Comparison with a Random Forest classifier trained on spectral 39 

and field data showed that MID more effectively detected dynamic vegetation changes, while the 40 

classifier achieved slightly higher overall spatial accuracy (≈92%). Independent validation confirmed 41 

the robustness of MID under variable hydrological conditions. Overall, these results demonstrate that 42 

MID provides a robust and scalable monitoring framework, offering an effective tool for ecological 43 

management and decision-making of invasive aquatic plants in flowing waters. 44 

Keywords: invasive aquatic plants, Eichhornia crassipes, Sentinel-2, Multi-temporal analysis, 45 

Remote sensing. 46 
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1 Introduction 47 

Invasive aquatic vegetation poses one of the most pervasive threats to freshwater ecosystems, 48 

altering community composition, disrupting ecosystem functions, and causing severe socio-economic 49 

losses worldwide (Wilcove et al., 1998; Pimentel et al., 2001). Among these species, water hyacinth 50 

(Eichhornia crassipes), native to the Amazon basin, has become one of the most widespread and 51 

damaging aquatic invaders(Malik., 2007; Mqingwana et al., 2024). Its exceptional reproductive 52 

capacity, buoyant petioles, and ability to form dense floating mats enable rapid clonal expansion and 53 

downstream dispersal. These mats reduce light penetration, deplete dissolved oxygen, and obstruct 54 

navigation and hydropower infrastructure, resulting in cascading ecological and economic 55 

impacts(Shekede et al., 2008; Pyšek and Richardson, 2010). In tropical regions such as Hainan, China, 56 

where warm temperatures and abundant rainfall persist throughout the year, water hyacinth experiences 57 

nearly continuous growth(Chen et al., 2021). This perennial proliferation complicates management 58 

efforts and highlights the urgent need for scalable monitoring approaches that can capture its spatial 59 

dynamics and mobility over time. 60 

Remote sensing has become an indispensable tool for mapping aquatic vegetation, providing 61 

synoptic coverage, multi-temporal observations, and access to otherwise inaccessible areas (Hestir et 62 

al., 2008; Dube et al., 2014). Medium-resolution satellites such as Sentinel-2 and Landsat strike a 63 

balance between spatial detail and temporal frequency, and their open-access data facilitate long-term 64 

ecosystem monitoring. Numerous studies have demonstrated the utility of these sensors for mapping 65 

aquatic vegetation extent and phenology using spectral indices such as NDVI, NDWI, or MNDWI, 66 

alongside supervised machine learning classifiers (Dube et al., 2017; Luo et al., 2017). However, 67 

species-level classification remains challenging. Spectral overlap among floating and emergent 68 

macrophytes—including Water Hyacinth, Reed, and Lotus—reduces separability in medium-69 

resolution bands. Mixed pixels along fragmented shorelines and narrow channels dilute species-70 
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specific reflectance, while the limited number and uneven spatial distribution of ground samples 71 

constrain the representativeness of supervised training datasets. Additionally, water-level fluctuations, 72 

wind-driven drift, and slight geometric misalignments among multi-date scenes can introduce apparent 73 

spectral variations, masking genuine vegetation changes. Collectively, these factors limit the reliability 74 

of single-date, purely spectral classification for capturing water hyacinth dynamics, particularly for 75 

ephemeral or drifting mats. 76 

To overcome these limitations, recent studies have increasingly leveraged temporal information 77 

to improve species discrimination and change detection in aquatic ecosystems(Mouta et al., 2023). 78 

Multi-temporal approaches capture phenological and hydrological variability that static imagery 79 

cannot resolve, thereby enhancing class separability. Temporal differencing methods, in particular, 80 

detect expansion and retreat by comparing spectral indices across multiple observation dates. For free-81 

floating species such as water hyacinth, which exhibit high mobility and rapid turnover, temporal 82 

differencing provides an effective means of highlighting transient dynamics while suppressing 83 

spectrally stable background vegetation. Unlike rooted macrophytes, water hyacinth mats drift, 84 

fragment, and coalesce in response to wind and hydrological flow, generating rapid, short-term spectral 85 

transitions that can be amplified through multi-temporal analysis. This mobility-driven dynamic 86 

behavior presents a unique opportunity to exploit temporal differencing as a complementary strategy 87 

to conventional spectral classification. 88 

In parallel, machine learning has become the dominant approach for vegetation classification in 89 

remote sensing, enabling efficient handling of large, high-dimensional datasets. Ensemble models such 90 

as RF have emerged as a popular choice due to their robustness, interpretability, and ability to manage 91 

nonlinear and complex feature spaces (Belayhun et al., 2024). Nonetheless, these classifiers primarily 92 

rely on static spectral separability and often fail to detect ephemeral or drifting vegetation patches in 93 

dynamic aquatic environments. Although some recent studies have integrated spectral and temporal 94 

features (ElMasry et al., 2019; Ghoussein et al., 2023), few have quantitatively assessed how temporal 95 
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differencing compares with conventional spectral classifiers in capturing short-term dynamics of 96 

floating vegetation. 97 

To address these limitations, this study introduces a novel Multi-Temporal Image Differencing 98 

(MID) approach designed to detect expansion and retreat of floating invasive vegetation by analyzing 99 

spectral changes across multi-date imagery. Unlike rooted macrophytes, water hyacinth mats drift, 100 

fragment, and coalesce in response to wind and hydrological flow, producing spectral transitions that 101 

can be enhanced through pixel-wise temporal differencing. By explicitly exploiting mobility-driven 102 

dynamics, MID enhances detection of dynamic floating vegetation while suppressing spectrally stable 103 

background signals. 104 

For comparison, a Random Forest classifier trained on ground-truth samples using multispectral 105 

features was also applied, enabling a controlled assessment of the relative performance of a mobility-106 

focused temporal strategy versus a conventional spectral classifier. The specific objectives of this study 107 

are to (i) evaluate which method more effectively captures areal changes of water hyacinth, (ii) analyze 108 

sources of commission and omission errors for each approach, and (iii) discuss trade-offs between 109 

spatial precision and temporal sensitivity. verall, the study demonstrates the potential of integrating 110 

temporal information into operational monitoring of free-floating invasive plants using medium-111 

resolution satellite imagery, providing both methodological guidance and practical insights. 112 

2 Materials and Methods 113 

2.1 Study area 114 

The study area is the Nanmu Reservoir, situated in Daan Town, Ledong Li Autonomous County, 115 

Hainan Province, China (18°39′-18°45N, 109°11′-109°14′ E), within the Lezhong River basin—a 116 

tributary of the Changhua River ( Figure 1 ). This medium-sized reservoir, with a total storage capacity 117 

of approximately 24.2 × 10⁶ m³, serves as an important source of irrigation and domestic water for 118 
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surrounding communities. The region has a tropical monsoon climate, with an annual mean 119 

temperature of about 24.8 °C and an average annual precipitation of approximately 1600 mm, over 80 120 

% of which occurs between May and October. Warm temperatures, high humidity, and relatively stable 121 

hydrological conditions promote the year-round growth of aquatic macrophytes, notably water 122 

hyacinth. The reservoir’s gently undulating topography, forested catchment, and stable water regime 123 

create favorable conditions for the proliferation of floating vegetation. These environmental 124 

characteristics, together with the reservoir’s moderate size and clear seasonal variability, make it an 125 

ideal site for assessing the spatial dynamics and seasonal patterns of water hyacinth using multi-126 

temporal satellite remote sensing. 127 

 128 

Figure 1. Study area location. (a) Geographic location of the Nanmu Reservoir in Hainan Province, 129 

China;(b) Sentinel-2 composite image showing the reservoir and surrounding landscape;(c) field 130 

photograph taken on 28 June 2024 illustrating aquatic vegetation distribution along the reservoir 131 

margin. 132 

2.2 Data Source 133 
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2.2.1 Time-series Sentinel-2 imagery 134 

Time-series stacks of Sentinel-2 surface reflectance imagery 135 

(COPERNICUS/S2_SR_HARMONIZ-ED) were acquired from January 2024 to December 2025 to 136 

monitor the temporal dynamics of aquatic vegetation in the Nanmu Reservoir. The imagery was 137 

accessed via the Google Earth Engine (GEE) platform and was atmospherically corrected to bottom-138 

of-atmosphere (BOA) reflectance using the Sen2Cor processor. Radiometric harmonization between 139 

Sentinel-2A and Sentinel-2B sensors ensured inter-sensor consistency (Berra et al., 2024), and thus no 140 

further atmospheric or radiometric corrections were required. 141 

Although the Multi-Temporal Image Differencing (MID) method can theoretically be applied to 142 

any image pair, a consistent two-year monitoring period (2024–2025) was defined to capture both 143 

seasonal and interannual variations of Eichhornia crassipes while ensuring reproducibility. Within this 144 

period, one image with the lowest cloud cover was selected per month. When all available images in a 145 

month exhibited cloud cover exceeding 10%, that month was excluded. This approach preserved the 146 

temporal signal of vegetation change while minimizing artifacts introduced by compositing or 147 

interpolation. 148 

Ten spectral bands were used in the analysis: four visible/NIR bands (B2, B3, B4, B8 at 10 m), 149 

three red-edge bands (B5, B6, B7 at 20 m), one additional NIR band (B8A), and two shortwave infrared 150 

bands (B11, B12). All 20 m bands were resampled to 10 m resolution using bilinear interpolation to 151 

maintain spatial consistency and computational efficiency. In addition to raw reflectance, several 152 

vegetation- and water-related indices were computed for each scene, including the Normalized 153 

Difference Vegetation Index (NDVI; (Rouse et al., 1974), the Normalized Difference Water Index 154 

(NDWI; (McFeeters, 2012), and the Modified NDWI (MNDWI; (Xu, 2007). These indices enhanced 155 

spectral separability between aquatic vegetation and background water or land surfaces (Table 1). 156 

Clouds and shadows were identified and masked using the Sentinel-2 cloud probability layer 157 

(s2cloudless) combined with a geometric shadow detection algorithm to minimize residual 158 
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contamination. To focus the analysis on aquatic and riparian zones, the study area was spatially 159 

constrained to the Nanmu Reservoir and its immediate surroundings, buffered by approximately 100 160 

m from the shoreline to reduce computational load and exclude irrelevant terrestrial pixels. 161 

Table1. Vegetation indices used in this study 162 

2.2.2 Validation Data 163 

Independent validation data were collected around the Nanmu Reservoir between 2023 and 2024 164 

to support accuracy assessment. A total of 85 ground-truth points were established, stratified across 165 

five land-cover categories: water hyacinth, open water, bare soil, other vegetation, and built-up areas. 166 

Candidate sites were first identified using high-resolution satellite imagery and subsequently verified 167 

through UAV-based observations and limited field surveys. 168 

The validation points were distributed across different sections of the reservoir to capture 169 

variations in vegetation density, hydrological conditions, and shoreline morphology. This spatial 170 

stratification ensured that the dataset adequately represented the ecological and environmental 171 

heterogeneity of the study area. Importantly, these validation points were independent of the training 172 

samples used in the Random Forest classification, thereby providing an unbiased dataset for evaluating 173 

both RF and MID results. 174 

2.3 Methods 175 

We implemented two parallel methodological frameworks on the same Sentinel-2 time series to 176 

map Eichhornia crassipes: (1) a Random Forest (RF) classification workflow that directly classifies 177 

pixels using spectral bands and derived temporal statistics based on species-level training samples; and 178 

(2) a Multi-Temporal Image Differencing (MID) workflow that first derives a persistent water mask, 179 

then extracts candidate high-water-content vegetation (HWV) within that water mask, and finally 180 

Index Equation Reference 

NDVI (NIR-Red)/(NIR+Red) Rouse J, et al. (1974) 

NDWI (Green-NIR)/(Green+NIR) McFeeters, S. K. (1996) 

MNDWI (Green-SWIR)/(Green+SWIR) Xu, H. (2006) 
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applies pixel-wise temporal differencing to identify expansion and recession events. Both workflows 181 

share the same preprocessing (cloud/shadow masking, index computation, monthly compositing and 182 

geometric alignment), and are evaluated using the same independent validation dataset to enable a fair, 183 

quantitative comparison of spatial accuracy and temporal responsiveness. 184 

 185 

Figure 2. Workflow of the multi-temporal image differencing (MID). 186 

2.3.1 Random Forest classification 187 

RF classification was implemented for detecting Eichhornia crassipes from Sentinel-2 imagery. 188 

Training samples were derived from UAV imagery and ground observations, covering five land-cover 189 

types: water hyacinth, open water, bare soil, built-up areas, and other vegetation. To capture both 190 

spectral and temporal variability, predictor variables included all Sentinel-2 bands at 10–20 m 191 

resolution, vegetation and water indices (NDVI, NDWI, MNDWI), red-edge bands (B5, B6, B7, B8A), 192 

and shortwave infrared bands (B11, B12). In addition to single-date reflectance, multi-temporal 193 

statistical features were computed for each pixel across the study period, including maximum, median, 194 

standard deviation, and linear trend of the spectral indices. These temporal metrics enhanced 195 

discrimination between transient floating vegetation and stable background classes. 196 
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The RF model was trained on a stratified random subset of labeled pixels to ensure balanced class 197 

representation. Hyperparameters—including the number of decision trees (100, 500, 1000), maximum 198 

depth, and minimum samples per leaf—were optimized through five-fold cross-validation within the 199 

training dataset. Independent validation samples (n = 85) were withheld entirely from training and 200 

parameter tuning to prevent overfitting. The final RF model produced binary classification maps of 201 

water hyacinth distribution, along with probability layers to support threshold sensitivity analyses. 202 

Feature importance scores were extracted to quantify the contribution of spectral versus temporal 203 

predictors, providing insights into which variables most effectively distinguish E. crassipes. 204 

Representative classification outputs and feature importance distributions are illustrated in Figure 3. 205 

2.3.2 Water Body Extraction 206 

To delineate perennial aquatic environments with high robustness, we developed a multi-temporal 207 

water extraction framework that integrates spectral thresholding, edge-based segmentation, and 208 

temporal compositing. At the single-scene level, the Modified Normalized Difference Water Index 209 

(MNDWI, using the Green band B3 and resampled SWIR band B11) was calculated, and Otsu’s 210 

adaptive thresholding was applied to generate an initial binary water mask (Otsu, 1979). In parallel, 211 

Canny edge detection was performed on Gaussian-smoothesd MNDWI (σ = 1.0, thresholds = 50/150) 212 

to capture polygonal water boundaries with high geometric fidelity. The two masks were merged and 213 

refined through morphological filtering, and isolated patches smaller than nine pixels (≈900 m²) were 214 

removed to reduce noise. 215 

All refined scene-level masks were subsequently stacked to compute water occurrence frequency, 216 

defined as the proportion of valid observations in which each pixel was classified as water. A temporal 217 

threshold of 0.30 was applied, retaining pixels classified as water in at least 30% of the observation 218 

period. This criterion effectively excluded ephemeral surface water generated by precipitation events 219 

while maintaining sensitivity to seasonal and perennial water bodies. The resulting multi-temporal 220 
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raster mask was converted into vector polygons, and features smaller than 1000 m² were removed to 221 

ensure cartographic quality and eliminate minor artifacts. 222 

This integrative approach leverages the complementary strengths of spectral indices, edge 223 

detection, and temporal stability, thereby reducing misclassification from shadows, turbid water, and 224 

transient inundation. The final vectorized water boundaries provided a reliable spatial constraint for 225 

subsequent classification and differencing analyses. Representative results, including Otsu masks, 226 

Canny edges, and the final multi-temporal water mask, are shown in Figure 2. 227 

2.3.3 Multi-temporal Image Differencing (MID) 228 

To exploit the dynamic expansion and recession patterns of Eichhornia crassipes, a multi-temporal 229 

image differencing approach was implemented. For each cloud-free Sentinel-2 scene, high-water-230 

content vegetation (HWV) was first extracted within the predefined water mask using a combination 231 

of spectral thresholds. Pixels with NDWI above a dynamic Otsu threshold and NDVI below 0.25 were 232 

identified as candidate HWV, and morphological filtering was applied to eliminate isolated noise and 233 

maintain coherent patches. Expansion and recession events were then detected by comparing 234 

consecutive cloud-free images or monthly composites: a transition from non-HWV to HWV was 235 

labeled as “expansion,” while the reverse transition was labeled as “recession.” To suppress transient 236 

noise caused by turbidity or short-term water-level fluctuations, a persistence filter was applied, 237 

requiring detected changes to persist for at least two consecutive dates. The resulting differencing maps 238 

were post-processed by removing patches smaller than three pixels and cross-checking against 239 

available hydrological records to distinguish vegetation dynamics from water-level artifacts. 240 

Formally, the differencing was expressed at the pixel level. Let 𝑎௜,௝ denote the binary HWV mask 241 

of a target image and ܾ௜,௝௞  denote the mask of the k-th reference image. The pixel-wise difference was 242 

defined as: 243 
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,࢏)࢑࡯ ࢐) = {     ૚, ࢐,࢏ࢇ ܎ܑ = ૚ ࢐࢑,࢏࢈ ܌ܖ܉ = ૙ (ܖܗܑܛܖ܉ܘܠ܍)−૚, ࢐,࢏ࢇ ܎ܑ = ૙ ࢐࢑,࢏࢈ ܌ܖ܉ = ૚ (࢘࢔࢕࢏࢙࢙ࢋࢉࢋ)૙,                                                     ࢋ࢙࢏࢝࢘ࢋࢎ࢚࢕ (1) 244 

To summarize dynamics across all ݊ reference dates, the cumulative change map was obtained 245 

as: 246 

,࢏)ࡰ ࢐) = ∑ ,࢏)࢑࡯ ࢔(࢐
࢑=૚ (2) 247 

where D(i,j) > 0indicates net expansion, D(i,j) < 0 indicates net recession, and D(i,j) = 0 denotes 248 

no change. Prior to differencing, all images were co-registered and denoised to minimize geometric 249 

misalignment, and morphological filtering was applied to enhance the continuity of detected patches. 250 

The final outputs included expansion/recession maps and cumulative statistics of area change, 251 

providing a robust representation of the spatiotemporal dynamics of water hyacinth (Figure 3). 252 

 253 

Figure. 3. Conceptual diagram of the MID workflow for detecting the expansion and recession of Eichhornia 254 
crassipes. 255 

2.4 accuracy assessment 256 

The classification accuracy of both the RF and MID approaches was independently evaluated 257 

using internal and external validation datasets(Cheruiyot et al., 2014). Internal validation employed a 258 

confusion matrix derived from 6,000 labeled pixels (1,200 per class), while external validation relied 259 

on 85 independent field-verified points along the Nanmu Reservoir to provide an unbiased assessment. 260 

Pixel-level metrics were calculated based on true positives (TP), false positives (FP), and false 261 
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negatives (FN), consistent with standard remote sensing accuracy assessment practices(Breiman, 2001; 262 

Belgiu and Drăguţ, 2016). 263 

Standard accuracy metrics were calculated as follows: 264 

= ࡭ࡻ  ∑ ࡺ૚=࢏࢑࢏ࡼࢀ (૜) 265 

࢏࡭ࢁ  = ࢏ࡼࢀ࢏ࡼࢀ   + ࢏ࡼࡲ (૝) 266 

࢏࡭ࡼ  = ࢏ࡼࢀ࢏ࡼࢀ  + ࢏ࡺࡲ (5) 267 

࢏૚ࡲ  =  ૛ × ࢏࡭ࢁ × ࢏࡭ࢁ࢏࡭ࡼ + ࢏࡭ࡼ  (૟) 268 

ࣄ = ࡺ ∑ ૚=࢏࢑࢏࢏࢔ − ∑ ૛ࡺ૚=࢏࢑(࢏+࢔+࢏࢔) − ∑ ૚=࢏࢑(࢏+࢔+࢏࢔) (ૠ) 269 

ࢁ࢕ࡵ = ࢏ࡼࢀ࢏ࡼࢀ + ࢏ࡼࡲ + ࢏ࡺࡲ (ૡ) 270 

where ݊௜௜ is the number of correctly classified samples in class i; ݊௜௝is the number of samples that 271 

belong to class i but are classified as class j; ݊௜+ and ݊+௜ are the row and column totals of class i; k is 272 

the number of classes; and N is the total number of validation samples. These indices jointly provide a 273 

comprehensive measure of classification accuracy, considering both overall performance and class-274 

specific reliability. 275 

These metrics, widely used in remote sensing studies(Xing et al., 2024), allow a comprehensive 276 

assessment of each method at the pixel level independently, providing both overall and class-specific 277 

performance evaluation. Such evaluation facilitates a rigorous comparison between machine learning–278 

based classification and rule-based temporal differencing for monitoring water hyacinth dynamics. 279 

3 Results 280 

3.1 RF classification performance 281 
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The RF model produced high-resolution maps of water hyacinth distribution along the Nanmu 282 

Reservoir, revealing clear spatial patterns related to hydrodynamic conditions and riparian 283 

environments. The results showed that HWV, largely corresponding to water hyacinth mats, was 284 

concentrated in slow-flowing sections of the main channel and its tributaries, where low flow velocities 285 

facilitate mat accumulation (Figure 4a). A longitudinal gradient was apparent, with downstream 286 

reaches exhibiting larger and denser HWV patches compared to upstream sections. Pixel-level 287 

probability maps indicated high confidence in regions with dense mats, whereas areas with sparse or 288 

transient floating vegetation were associated with lower probabilities (Figure 4b). These outputs 289 

confirmed that the RF classifier effectively distinguished water hyacinth from open water, bare soil, 290 

built-up areas, and other vegetation types, demonstrating the utility of combining spectral and multi-291 

temporal information for robust classification. 292 

 293 

Figure 4. RF Classification Map of Nanmu Reservoir and Its Surrounding Areas 294 

3.2 Temporal Dynamics and Mapping of Water Hyacinth  295 
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3.2.1 Water body mask extraction results 296 

The water body mask of Nanmu Reservoir was successfully extracted using the multi-temporal 297 

frequency-based approach. As shown in Figure 3a, the water occurrence frequency delineated the main 298 

reservoir body and its connected inflow–outflow channel, while also identifying seasonally inundated 299 

floodplains in surrounding low-lying areas. By applying an Otsu adaptive thresholding method, the 300 

optimal cutoff value (0.5) was objectively determined, which effectively suppressed sporadic noise 301 

pixels and preserved the spatial continuity of the reservoir and tributaries (Figure 5b). Further 302 

classification distinguished perennial water (frequency ≥ 0.8) from seasonal water (0.4 ≤ frequency 303 

< 0.8) (Figure 5c). Quantitative analysis revealed that perennial water accounted for 52.7% of the total 304 

detected water pixels, mainly distributed in the central reservoir and along the major inflow and outflow 305 

rivers, reflecting stable hydrological conditions. Seasonal water occupied 46.9% of the extent, 306 

primarily along marginal wetlands and shallow inundated areas, highlighting temporal variability in 307 

water coverage.  308 

 309 

Figure 5. Water occurrence and classification results derived from multi-temporal analysis. (a) 310 

Water occurrence frequency map, indicating the proportion of times each pixel was detected as water. 311 

(b) Final water mask obtained by applying a frequency threshold (≥ 0.5). (c) Pure water mask after 312 

excluding agricultural and non-river water bodies 313 
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3.2.2 Temporal Dynamics and Mapping of Water Hyacinth  314 

The MID analysis provided a detailed depiction of seasonal and interannual dynamics of water 315 

hyacinth in the Namu Reservoir from 2024 to 2025. Prior to applying MID, water areas were delineated 316 

using the Normalized Difference Water Index (NDWI), which enhances water features by leveraging 317 

differences between green and NIR reflectance. A threshold of 0.18 was applied to the NDWI to 318 

generate a preliminary water mask, effectively separating water surfaces from non-aquatic areas 319 

(Figure 6). This step ensured that subsequent MID analysis was constrained to water bodies, 320 

minimizing misclassification of upland vegetation or exposed sediments. 321 

 322 

Fig 6. Histogram of Normalized Difference Water Index (NDWI) for Namu Reservoir Water 323 

Body Delineation 324 

Within the NDWI-derived water mask, consecutive cloud-free Sentinel-2 images were analyzed 325 

to detect transitions in floating vegetation. Pixels transitioning from non-hyacinth to hyacinth were 326 

classified as expansion events, whereas the reverse transitions were labeled as loss. Morphological 327 

filtering and persistence criteria were applied to suppress isolated noise and transient patches resulting 328 

from short-term water-level fluctuations, ensuring that mapped patterns reflected genuine biological 329 
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dynamics. HWV identified on representative dates (25 June 2025 and 18 November 2024) highlighted 330 

spatial heterogeneity in floating mats and potential colonization fronts (Figure 7). 331 

 332 

Fig.7. HWV distribution in Namu Reservoir on two representative dates: 25 June 2025 and 18 333 

November 2024 334 

The cumulative MID outputs revealed that expansion predominantly occurred along sheltered 335 

margins and slow-flowing regions, while high-flow or open-water areas remained relatively stable 336 

(Figure 8). Subsequent classification of the MID change results allowed for extraction of water 337 

hyacinth distribution, generating a final temporal map of E. crassipes dynamics (Figure 9). This map 338 

demonstrated repeated cycles of expansion, fragmentation, and recession across the reservoir, 339 

reflecting the interplay of seasonal growth, hydrological conditions, and localized disturbances. Time-340 

series analyses of selected reservoir segments further quantified the magnitude and timing of these 341 

fluctuations, revealing short-term expansion peaks corresponding to periods of low flow and rapid 342 

colonization, as well as contraction events associated with higher flow, mechanical removal, or 343 

senescence. 344 

Overall, the combined MID approach enabled both spatial and temporal quantification of water 345 

hyacinth dynamics at high resolution, capturing not only cumulative expansion trends but also transient 346 
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and patchy behaviors that are critical for understanding invasion processes in semi-enclosed tropical 347 

reservoirs. 348 

 349 

Figure 8. Vegetation change and water hyacinth dynamics within the water body of Nanmu Reservoir 350 
derived from the MID method. (a) Vegetation change within the water body (Red: loss, Gray: stable, Green: 351 
expansion); (b) Temporal differencing results of water hyacinth distribution. 352 

3.3 Accuracy Assessment  353 

Table 2. Accuracy metrics of RF and MID methods for water hyacinth detection in Namu 354 

Reservoir  355 

Method 

Overall 

Accuracy 

(OA, %) 

Kappa 

Coefficient 

F1 

Score 

Producer’s 

Accuracy (PA, %) 

User’s Accuracy 

(UA, %) 

RF 92.0 0.84 0.88 89.5 90.3 

MID 90.8 0.83 0.87 89.0 89.5 

Table 2 compares the accuracy metrics of RF and MID for detecting water hyacinth in the Namu 356 

Reservoir from 2024 to 2025. RF achieved slightly higher overall accuracy (92.0%) and Kappa 357 

coefficient (0.832) compared to MID (OA = 90.8%, Kappa = 0.83), indicating both methods are highly 358 

effective in classifying high-water-content vegetation based on spectral and temporal information. The 359 
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F1 score of RF (0.88) was slightly higher than MID (0.87), reflecting similar balance between precision 360 

and recall. 361 

MID, while comparable in overall accuracy, detected 95% of short-term expansion and recession 362 

events, substantially higher than RF (62%), highlighting its superior sensitivity to rapid temporal 363 

changes in water hyacinth distribution. Figure 9 illustrates this advantage: areas classified as water 364 

hyacinth by RF but as non-water hyacinth by MID were found during field validation to contain other 365 

aquatic vegetation such as submerged macrophytes and reeds. These results demonstrate that RF 366 

accurately identifies persistent patches, while MID excels at capturing fine-scale temporal dynamics, 367 

effectively complementing spectral classification. 368 

Overall, combining RF and MID provides a robust framework for monitoring invasive aquatic 369 

vegetation: RF ensures reliable detection of stable water hyacinth patches, whereas MID enhances 370 

identification of short-term expansion or retreat, offering comprehensive insights into spatiotemporal 371 

variability in the reservoir ecosystem. 372 

 373 
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Figure 9. Comparison between MID and RF derived water hyacinth maps in the Nanmu Reservoir. Areas 374 
detected by MID but misclassified by RF were predominantly occupied by other aquatic vegetation, 375 
including submerged macrophytes and reeds. 376 

4 Discussion  377 

4.1 Spectral separability  378 

Previous studies have demonstrated that water hyacinth exhibits spectral characteristics that 379 

distinguish it from other aquatic and riparian vegetation, with extremely high water content leading to 380 

strong absorption in the short-wave infrared (SWIR) region and relatively pronounced near-infrared 381 

(NIR) reflectance due to leaf structure and internal water content(Sims and Gamon, 2003). In contrast, 382 

other floating or emergent vegetation typically shows moderate SWIR absorption and NIR reflectance 383 

driven primarily by chlorophyll content and leaf morphology(Ghoussein et al., 2023). Vegetation 384 

indices such as the NDWI and MNDWI have been shown to be sensitive to high-water-content 385 

vegetation, effectively highlighting water-rich plant communities(Al-lami et al., 2021); however, these 386 

indices alone cannot reliably distinguish water hyacinth from other floating or emergent plants. 387 

Integrating spectral information with temporal dynamics or classification-based candidate masks is 388 

therefore necessary to accurately isolate water hyacinth(Singh et al., 2020). Synthesizing evidence 389 

from prior research, it is clear that the combination of SWIR absorption, NIR reflectance, and high-390 

water-content indices provides a robust basis for spectral discrimination of E. crassipes, supporting the 391 

rationale for using a spectral–temporal MID framework that emphasizes these water-sensitive features. 392 

4.2 Temporal Sensitivity 393 

The MID approach offers clear advantages for detecting short-term and hydrologically induced 394 

dynamics of floating vegetation such as water hyacinth. By comparing consecutive images, MID 395 

amplifies subtle changes associated with rapid growth, decay, or water-driven drift, thereby revealing 396 

patch-level expansion and contraction that single-date analyses often overlook. At Namu Reservoir, 397 
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although the system is semi-enclosed, inflow, dam discharge, and wind-induced circulation maintain a 398 

degree of hydrodynamic connectivity. This connectivity drives the drift, aggregation, and redistribution 399 

of floating mats across the reservoir surface(Ade et al., 2022). Such hydrologic forcing generates 400 

detectable temporal signals that are effectively captured by MID, revealing how flow dynamics 401 

regulate the spatial behavior of floating vegetation. In flow-connected reaches and zones of high 402 

vegetation mobility, inter-image displacements are pronounced, enabling MID to detect newly 403 

colonized areas and rapid expansion events with high sensitivity. 404 

Moreover, extending the temporal record helps distinguish floating invaders from rooted 405 

emergent species based on phenological behavior. Rooted emergents such as Nelumbo nucifera 406 

typically exhibit an annual, spatially stable growth–senescence cycle, whereas water hyacinth 407 

undergoes multiple expansion–contraction phases within a single year. By capturing these multi-peak 408 

dynamics, MID enhances the interpretation of seasonal and hydrological drivers of invasion, while 409 

reducing confusion between floating and emergent vegetation. 410 

4.3 Limitations 411 

Although the MID approach effectively captures short-term changes in Eichhornia crassipes 412 

dynamics, several limitations should be considered when interpreting the results. The 10 m spatial 413 

resolution of Sentinel-2 restricts the detection of small or fragmented patches, especially along riparian 414 

margins where open water and emergent vegetation are interspersed(Paulino et al., 2025). Such 415 

constraints limit its use for fine-scale habitat delineation or early invasion detection. A more 416 

fundamental limitation arises from the method’s hydrodynamic dependence. MID performs best in 417 

flow-connected systems where inflow, discharge, or wind-driven currents induce vegetation drift, 418 

enabling discrimination of true vegetation movement from stable background features. In stagnant 419 

waters, limited hydrological mobility reduces temporal variability and weakens the method’s 420 

sensitivity. Yet this hydrodynamic dependence also reflects an ecological coupling between flow 421 
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dynamics and invasion processes, revealing how mobility governs the persistence and redistribution of 422 

floating mats. Understanding these constraints clarifies where MID is most informative—dynamic, 423 

hydrologically active systems—and where complementary high-resolution or static spectral 424 

approaches are required. 425 

4.4 future directions 426 

to enhance both detection accuracy and ecological interpretability, future research could integrate 427 

higher-resolution imagery from UAVs(Sabat-Tomala et al., 2024) or hyperspectral sensors(Chunchen 428 

et al., 2024) to better capture fine-scale water hyacinth patches and reduce confusion in complex 429 

aquatic environments. Object-based image analysis and deep learning techniques could further 430 

improve the discrimination of co-occurring floating and emergent vegetation, particularly in mixed 431 

communities. Incorporating hydrodynamic models or environmental covariates—such as water level, 432 

flow velocity, and turbidity—would facilitate a process-based understanding of vegetation 433 

redistribution, linking observed spatiotemporal changes with hydrological forcing. In addition, 434 

combining optical time-series data with Sentinel-1 SAR observations(Woźniak et al., 2022) could 435 

enhance monitoring continuity under cloudy or turbid conditions. Together, these advances will 436 

strengthen the methodological and ecological foundations of water-hyacinth monitoring, supporting 437 

improved management strategies and ecological assessment in hydrologically dynamic water bodies. 438 

5 Conclusions 439 

This study developed and validated a robust framework for monitoring the invasive aquatic plant 440 

water hyacinth(Eichhornia crassipes) in the Namu Reservoir (2024–2025) using Sentinel-2 time-series 441 

imagery. The Multi-Temporal Image Differencing (MID) approach effectively captured short-term and 442 

hydrologically driven dynamics of floating vegetation, revealing expansion and contraction patterns 443 

that conventional single-date classification methods often miss. Compared with static spectral 444 
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classification, MID demonstrated a stronger ability to detect newly colonized patches and rapid 445 

redistribution events induced by flow connectivity and reservoir operations. 446 

These results highlight the potential of temporal differencing as an efficient and scalable tool for 447 

tracking the invasion dynamics of free-floating vegetation under variable hydrological conditions. The 448 

approach provides not only a means of mapping distribution changes but also insights into how 449 

hydrological forcing regulates invasion persistence and spatial spread. 450 

Future work should explore the integration of higher-temporal-resolution or deep-learning-based 451 

analyses to enhance spatial precision and generalization across flow regimes. The MID framework can 452 

be applied to a wide range of flowing and semi-enclosed water bodies, supporting ecological 453 

assessment, biomass estimation, and management of invasive aquatic vegetation under diverse 454 

hydrological conditions. 455 
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